The automatic detection of White Blood Cells (WBC) still remains as an unsolved issue in medical imaging. The analysis of WBC images has engaged researchers from fields of medicine and computer vision alike. Since WBC can be approximated by an ellipsoid form, an ellipse detector algorithm may be successfully applied in order to recognize them. This paper presents an algorithm for the automatic detection of WBC embedded into complicated and cluttered smear images that considers the complete process as a multi-ellipse detection problem. The approach, based on the Differential Evolution (DE) algorithm, transforms the detection task into an optimization problem where individuals emulate candidate ellipses. An objective function evaluates if such candidate ellipses are really present in the edge image of the smear. Guided by the values of such function, the set of encoded candidate ellipses (individuals) are evolved using the DE algorithm so that they can fit into the WBC enclosed within the edge-only map of the image. Experimental results from white blood cell images with a varying range of complexity are included to validate the efficiency of the proposed technique in terms of accuracy and robustness.
Introduction
Medical image processing has become more and more important in diagnosis with the development of medical imaging and computer technique. Huge amounts of medical images are obtained by X-ray radiography, CT and MRI. They provide essential information for efficient and accurate diagnosis based on advance computer vision techniques [1, 2] .
On the other hand, White Blood Cells (WBC) also known as leukocytes play a significant role in the diagnosis of different diseases. Although computer vision techniques have successfully contributed to generate new methods for cell analysis, which in turn, have lead into more accurate and reliable systems for disease diagnosis. However, high variability on cell shape, size, edge and localization, complicates the data extraction process. Moreover, the contrast between cell boundaries and the image's background may vary due to unstable lighting conditions during the capturing process.
Many works have been conducted in the area of blood cell detection. In [3] a method based on boundary support vectors is proposed to identify WBC. In such approach, the intensity of each pixel is used to construct feature vectors whereas a Support Vector Machine (SVM) is used for classification and segmentation. By using a different approach, in [4] , Wu et. al developed an iterative Otsu method based on the circular histogram for leukocyte segmentation. According to such technique, the smear images are processed in the Hue-Saturation-Intensity (HSI) space by considering that the Hue component contains most of the WBC information. One of the latest advances in white blood cell detection research is the algorithm proposed by Wang [5] that is based on the fuzzy cellular neural network (FCNN). Although such method has proved successful in detecting only one leukocyte in the image, it has not been tested over images containing several white cells. Moreover, its performance commonly decays when the iteration number is not properly defined, yielding a challenging problem itself with no clear clues on how to make the best choice.
Since white blood cells can be approximated with an ellipsoid form, computer vision techniques for detecting ellipses may be used in order to recognize them. Ellipse detection in real images is an open research problem since long time ago. Several approaches have been proposed which traditionally fall under three categories: Symmetry-based, Hough transform-based (HT) and Random sampling.
In symmetry-based detection [6, 7] , the ellipse geometry is taken into account. The most common elements used in ellipse geometry are the ellipse center and axis. Using these elements and edges in the image, the ellipse parameters can be found. Ellipse detection in digital images is commonly solved through the Hough Transform [8] . It works by representing the geometric shape by its set of parameters, then accumulating bins in the quantized parameter space. Peaks in the bins provide the indication of where ellipses may be. Obviously, since the parameters are quantized into discrete bins, the intervals of the bins directly affect the accuracy of the results and the computational effort. Therefore, for fine quantization of the space, the algorithm returns more accurate results, while suffering from large memory loads and expensive computation. In order to overcome such a problem, some other researchers have proposed other ellipse detectors following the Hough transform principles by using random sampling. In random sampling-based approaches [9, 10] , a bin represents a candidate shape rather than a set of quantized parameters, as in the HT. However, like the HT, random sampling approaches go through an accumulation process for the bins. The bin with the highest score represents the best approximation of an actual ellipse in the target image. McLaughlin's work [11] shows that a random sampling-based approach produces improvements in accuracy and computational complexity, as well as a reduction in the number of false positives (non existent ellipses), when compared to the original HT and the number of its improved variants.
As an alternative to traditional techniques, the problem of ellipse detection has also been handled through optimization methods. In general, they have demonstrated to give better results than those based on the HT and random sampling with respect to accuracy and robustness [12] . Such approaches have produced several robust ellipse detectors using different optimization algorithms such as Genetic algorithms (GA) [13, 14] and Particle Swarm Optimization (PSO) [15] .
Although detection algorithms based on optimization approaches present several advantages in comparison to traditional approaches, they have been scarcely applied to WBC detection. One exception is the work presented by Karkavitsas & Rangoussi [16] that solves the WBC detection problem through the use of GA. However, since the evaluation function, which assesses the quality of each solution, considers the number of pixels contained inside of a circle with fixed radius, the method is prone to produce misdetections particularly for images that contained overlapped or irregular WBC.
In this paper, the WBC detection task is approached as an optimization problem and the differential evolution algorithm is used to build the ellipsoidal approximation. Differential Evolution (DE), introduced by Storn and Price [27] , is a novel evolutionary algorithm which is used to optimize complex continuous nonlinear functions. As a population-based algorithm, DE uses simple mutation and crossover operators to generate new candidate solutions, and applies one-to-one competition scheme to greedily decide whether the new candidate or its parent will survive in the next generation. Due to its simplicity, ease of implementation, fast convergence, and robustness, the DE algorithm has gained much attention, reporting a wide range of successful applications in the literature [18] [19] [20] [21] [22] . This paper presents an algorithm for the automatic detection of blood cell images based on the DE algorithm. The proposed method uses the encoding of five edge points as candidate ellipses in the edge map of the smear. An objective function allows to accurately measure the resemblance of a candidate ellipse with an actual WBC on the image. Guided by the values of such objective function, the set of encoded candidate ellipses are evolved using the DE algorithm so that they can fit into actual WBC on the image. The approach generates a sub-pixel detector which can effectively identify leukocytes in real images. Experimental evidence shows the effectiveness of such method in detecting leukocytes despite complex conditions. Comparison to the state-of-the-art WBC detectors on multiple images demonstrates a better performance of the proposed method.
The main contribution of this study is the proposal of a new WBC detector algorithm that efficiently recognize WBC under different complex conditions while considering the whole process as an ellipse detection problem. Although ellipse detectors based on optimization present several interesting properties, to the best of our knowledge, they have not yet been applied to any medical image processing up to date. This paper is organized as follows: Section 2 provides a description of the DE algorithm while in Section 3 the ellipse detection task is fully explained from an optimization perspective within the context of the DE approach. The complete WBC detector is presented in Section 4. Section 5 reports the obtained experimental results whereas Section 6 conducts a comparison between state-of-the-art WBC detectors and the proposed approach. Finally, in section 7, some conclusions are drawn.
Differential evolution algorithm
The DE algorithm is a simple and direct search algorithm which is based on population and aims for optimizing global multi-modal functions. DE employs the mutation operator as to provide the exchange of information among several solutions.
There are various mutation base generators to define the algorithm type. The version of DE algorithm used in this work is known as rand-to-best/1/bin or ''DE1" [17] . 
The subscript t is the generation index, while j and i are the parameter and particle indexes respectively. Hence, , ,
is the jth parameter of the ith particle in generation t. In order to generate a trial solution, DE algorithm first mutates the best solution vector , best t x from the current population by adding the scaled difference of two vectors from the current population. 1 2 , ,
i t best t r t r t
with , i t v being the mutant vector. Indices 1 r and 2 r are randomly selected with the condition that they are different and have no relation to the particle index i whatsoever (i.e., 1 2 r r i ≠ ≠ ). The mutation scale factor F is a positive real number, typically less than one. Figure 1 illustrates the vector-generation process defined by Equation (2) .
In order to increase the diversity of the parameter vector, the crossover operation is applied between the mutant vector , 
i t i t i t i t i t f f
Here, f() represents the objective function. These processes are repeated until a termination criterion is attained or a predetermined generation number is reached.
Ellipse detection using DE.

Data preprocessing
In order to detect ellipse shapes, candidate images must be preprocessed first by an edge detection algorithm which yields an edge map image. Then, the ( , ) , , ,
, with p N being the total number of edge pixels.
Individual representation
Similar to lines which need two different points to define them; ellipses require five points to draw one. 
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Considering the configuration of the edge points shown by Figure 2 , the ellipse center 0 0 ( , ) x y , the radius maximum ( max r ), the radius minimum ( min r ) and the ellipse orientation (θ ) can be calculated as follows: 
Objective function
Optimization refers to choosing the best element from one set of available alternatives. In the simplest case, it means to minimize an objective function or error by systematically choosing the values of variables from their valid ranges. In order to calculate the error produced by a candidate solution E, the ellipse coordinates are calculated as a virtual shape which, in turn, must also be validated, i.e. if it really exists in the edge image. The test set is represented by The set S is generated by the Midpoint Ellipse Algorithm (MEA) [23] which is a searching method that seeks required points for drawing an ellipse. Any point (x, y) on the boundary of the ellipse with a,h,b,g and f 
The ellipse-function test in Eq. 12 is applied to mid-positions between pixels nearby the ellipse path at each sampling step. Figure 3a and 4a show the midpoint between the two candidate pixels at sampling position. The ellipse is used to divide the quadrants into two regions the limit of the two regions is the point at which the curve has a slope of -1 as shown in Figure 4 .
(a) (b) Fig. 3 . (a) symmetry of the ellipse: an estimated one octant which belong to the first region where the slope is greater than -1, b) In this region the slope will be less than -1 to complete the octant and continue to calculate the same so the remaining octants.
Fig. 4.
Midpoint between candidate pixels at sampling position k x along an elliptical path.
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In MEA the computation time is reduced by considering the symmetry of ellipses. Ellipses sections in adjacent octants within one quadrant are symmetric with respect to the dy/dy=-1 line dividing the two octants. These symmetry conditions are illustrated in Figure 4 . The algorithm can be considered as the quickest providing a sub-pixel precision [24] . However, in order to protect the MEA operation, it is important to assure that points lying outside the image plane must not be considered in S.
The objective function J(E) represents the matching error produced between the pixels S of the ellipse candidate E and the pixels that actually exist in the edge image, yielding: which have been marked by darker pixels while the virtual shape is also depicted through a dashed line A value of J(E) near to zero implies a better response from the "ellipsoid" operator. Figure 5 shows the procedure to evaluate a candidate action E with its representation as a virtual shape S. Figure 5(a) shows the original edge map, while Figure 5 (b) presents the virtual shape S representing the individual
In Figure 5 (c), the virtual shape S is compared to the original image, point by point, in order to find coincidences between virtual and edge points. The individual has been built from points 1 p , 2 p 
Implementation of DE for ellipse detection
The ellipse detector algorithm based on DE can be summarized in the following steps: 
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Step 
Step 4:
Generate the trial population 
Step 5:
Evaluate the fitness values ( ) Select the next population
Step 7:
If the iteration number (NI) is met, then the output
is the solution (an actual ellipse contained in the image), otherwise go back to Step 3.
The White blood cell detector
In order to detect WBC, the proposed detector combines a segmentation strategy with the ellipse detection approach presented in section 3. 
Image preprocessing
To employ the proposed detector, smear images must be preprocessed to obtain two new images: the segmented image and its corresponding edge map. The segmented image is produced by using a segmentation strategy whereas the edge map is generated by a border extractor algorithm. Such edge map is considered by the objective function to measure the resemblance of a candidate ellipse with an actual WBC.
The goal of the segmentation strategy is to isolate the white blood cells (WBC's) from other structures such as red blood cells and background pixels. Information of color, brightness and gradients are commonly used within a thresholding scheme to generate the labels to classify each pixel. Although a simple histogram thresholding can be used to segment the WBC's, at this work the Diffused Expectation-Maximization (DEM) has been used to assure better results [25] .
DEM is an Expectation-Maximization (EM) based algorithm which has been used to segment complex medical images [26] . In contrast to classical EM algorithms, DEM considers the spatial correlations among pixels as a part of the minimization criteria. Such adaptation allows to segment objects in spite of noisy and complex conditions. The method models an image as a finite mixture, where each mixture component corresponds to a region class and uses a maximum likelihood approach to estimate the parameters of each class, via the expectation maximization (EM) algorithm, coupled with anisotropic diffusion on classes, in order to account for the spatial dependencies among pixels. For the WBC's segmentation, it has been used the implementation of DEM provided in [27] . Since the implementation allows to segment gray-level images and color images, it can be used for operating over all smear images without matter the way in which they are acquired. The DEM has been configured considering three different classes (K=3), ( )
and m=10 iterations. These values have been found as the best configuration set according to [25] .
As a final result of the DEM operation, three different thresholding points are obtained: the first corresponds to the WBC's, the second to the red blood cells whereas the third represents the pixels classified as background. Figure 6 (b) presents the segmentation results obtained by the DEM approach employed at this work considering the Figure 6(a) as the original image.
Once the segmented image has been produced, the edge map is computed. The purpose of the edge map is to obtain a simple image representation that preserves object structures. The DE-based detector operates directly over the edge map in order to recognize ellipsoidal shapes. Several algorithms can be used to extract the edge map; however, at this work, the morphological edge detection procedure [28] has been used to accomplish such a task. Morphological edge detection is a traditional method to extract borders from binary images in which original images ( B I ) are eroded by a simple structure element ( E I ) composed by a template of 3x3 ones. Then, the eroded image is inverted ( E I ) and compared with the original image ( E B I I ∧ ) in order to detect pixels which are present in both images. Such pixels compose the computed edge map from B I . Figure  6 (c) shows the edge map obtained by using the morphological edge detection procedure.
Ellipse detection approach
The edge map is used as input image for the ellipse detector presented in Section 3. After several calibration experiments, Table 1 presents the parameters used in this work for the DE algorithm. The final configuration coincides with the best possible calibration proposed in [29] , where it has been analyzed the effect of modifying the DE-parameters in several generic optimization problems. The population-size parameter (m=20) has been selected considering the best possible balance between convergence and computational overload. Once defined, such configuration has been kept for all test images employed in the experimental study. Under such assumptions, the complete process to detect WBC's is implemented as follows:
Step 1: Segment the WBC's using the DEM algorithm (described in 4.1)
Step 2:
Get the edge map from the segmented image.
Step 3:
Start the ellipse detector based in DE over the edge map while saving best ellipses (Section 3).
Step 4:
Define parameter values for each ellipse that identify the WBC's.
Numerical example
In order to present the algorithm's step-by-step operation, a numerical example has been set by applying the proposed method to detect a single leukocyte lying inside of a simple image. Fig. 7(a) shows the image used in the example. After applying the threshold operation, the WBC is located besides few other pixels which are merely noise (see Fig. 7(b) ). Then, the edge map is subsequently computed and stored pixel by pixel inside the vector P. Fig. 7(c) shows the resulting image after such procedure.
The DE-based ellipse detector is executed using information of the edge map (for the sake of easiness, it only considers a population of four particles). Like all evolutionary approaches, DE is a population-based optimizer that attacks the starting point problem by sampling the search space at multiple, randomly chosen, initial particles. By taking five random pixels from vector P, four different particles are constructed. { , , , } T T T T = T (ellipses) are generated, their locations are shown in Fig. 7(e) . Then, the new population 1 E is selected considering the best elements obtained among the trial elements T and the initial particles 0 E . The final distribution of the new population is depicted in Fig. 7(f) . Since the particles 0 2 E and 0 2 E hold (in Fig. 7(f) ) a better fitness value ( 0 2 ( ) J E and 0 3 ( ) J E ) than the trial elements 2 T and 3 T , they are considered as particles of the final population 1 E . Figures 7(g) and 7 (h) present the second iteration produced by the algorithm whereas Fig. 6(i) shows the population configuration after 25 iterations. From Fig.  7(i) , it is clear that all particles have converged to a final position which is able to accurately cover the WBC. 
Experimental results
Experimental tests have been developed in order to evaluate the performance of the WBC detector. It was tested over microscope images from blood-smears holding a 960 x 720 pixel resolution. They correspond to supporting images on the leukemia diagnosis. The images show several complex conditions such as deformed cells and overlapping with partial occlusions. The robustness of the algorithm has been tested under such demanding conditions. All the experiments has been developed using a PC based on Intel Core i7-2600, with 8GB in Ram. , E., Díaz, M., Manzanares, M., Zaldivar, D., Perez-Cisneros, M. An improved computer vision method for white blood  cells detection, Computational and Mathematical Methods in Medicine, 2013 , art. no. 137392. 12 edge map and the white blood cells after detection, respectively. The results show that the proposed algorithm can effectively detect and mark blood cells despite cell occlusion, deformation or overlapping. Other parameters may also be calculated through the algorithm: the total area covered by white blood cells and relationships between several cell sizes. Other example is presented in Figure 9 . It represents a complex example with an image showing seriously deformed cells. Despite such imperfections, the proposed approach can effectively detect the cells as it is shown in Figure 9 (d). 
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Comparisons to other methods.
A comprehensive set of smear-blood test images is used to test the performance of the proposed approach. We have applied the proposed DE-based detector to test images in order to compare its performance to other WBC detection algorithms such as the Boundary Support Vectors (BSV) approach [3] , the iterative Otsu (IO) method [4] , the Wang algorithm [5] and the Genetic algorithm-based (GAB) detector [16] . In all cases, the algorithms are tuned according to the value set which is originally proposed by their own references. 
Detection comparison
To evaluate the detection performance of the proposed detection method, Table 2 tabulates the comparative leukocyte detection performance of the BSV approach, the IO method, the Wang algorithm, the BGA detector and the proposed method, in terms of detection rates and false alarms. The experimental data set includes 50 images which are collected from the ASH Image Bank (http://imagebank.hematology.org/). Such images contain 517 leukocytes (287 bright leukocytes and 230 dark leukocytes according to smear conditions) which have been detected and counted by a human expert. Such values act as ground truth for all the experiments. For the comparison, the detection rate (DR) is defined as the ratio between the number of leukocytes correctly detected and the number leukocytes determined by the expert. The false alarm rate (FAR) is defined as the ratio between the number of non-leukocyte objects that have been wrongly identified as leukocytes and the number leukocytes which have been actually determined by the expert.
Experimental results show that the proposed DE method, which achieves 98.26% leukocyte detection accuracy with 2.71% false alarm rate, is compared favorably against other WBC detection algorithms, such as the BSV approach, the IO method, the Wang algorithm and the BGA detector. Table 2 . Comparative leukocyte detection performance of the BSV approach, the IO method, the Wang algorithm, the BGA detector and the proposed DE method over the data set which contains 30 images and 426 leukocytes
Robustness comparison
Images of blood smear are often deteriorated by noise due to various sources of interference and other phenomena that affect the measurement processes in imaging and data acquisition systems. Therefore, the detection results depend on the algorithm's ability to cope with different kinds of noises. In order to demonstrate the robustness in the WBC detection, the proposed DE approach is compared to the BSV approach, the IO method, the Wang algorithm and the BGA detector under noisy environments. In the test, two different experiments have been studied. The first inquest explores the performance of each algorithm when the detection task is accomplished over images corrupted by Salt & Pepper noise. The second experiment considers images polluted by Gaussian noise. Salt & Pepper and Gaussian noise are selected for the robustness analysis because they represent the most compatible noise types commonly found in images of blood smear [30] . The comparison considers the complete set of 50 images presented in Section 6.1 containing 517 leukocytes which have been detected and counted by a human expert. The added noise is produced by MatLab©, considering two noise levels of 5% and 10% for Salt & Pepper noise whereas 5 = σ and 10 = σ are used for the case of Gaussian noise. Such noise levels, according to [31] , correspond to the best trade of between detection difficulty and real existence in medical imaging. Using higher noise levels, the detection process would be unnecessarily complicated without representing a feasible image condition. Table 4 . Comparative WBC detection among methods that considers the complete data set of 30 images corrupted by different levels of Gaussian noise. 
Stability comparison
In order to compare the stability performance of the proposed method, its results are compared to those reported by Wang et al. in [5] which is considered as an accurate technique for the detection of WBC.
The Wang algorithm is an energy-minimizing method which is guided by internal constraint elements and influenced by external image forces, producing the segmentation of WBC's at a closed contour. As external forces, the Wang approach uses edge information which is usually represented by the gradient magnitude of the image. Therefore, the contour is attracted to pixels with large image gradients, i.e. strong edges. At each iteration, the Wang method finds a new contour configuration which minimizes the energy that corresponds to external forces and constraint elements.
In the comparison, the net structure and its operational parameters, corresponding to the Wang algorithm, follow the configuration suggested in [5] while the parameters for the DE-based algorithm are taken from Table 1 . Figure 11 shows the performance of both methods considering a test image with only two white blood cells. Since the Wang method uses gradient information in order to appropriately find a new contour configuration, it needs to be executed iteratively in order to detect each structure (WBC). Figure 11(b) shows the results after the Wang approach has been applied considering only 200 iterations. Furthermore, Figure 11 (c) shows results after applying the DE-based method which has been proposed in this paper. The Wang algorithm uses the fuzzy cellular neural network (FCNN) as optimization approach. It employs gradient information and internal states in order to find a better contour configuration. In each iteration, the FCNN tries, as contour points, different new pixel positions which must be located nearby the original contour position. Such fact might cause the contour solution to remain trapped into a local minimum. In order to avoid such a problem, the Wang method applies a considerable number of iterations so that a near optimal contour configuration can be found. However, when the number of iterations increases the possibility to cover other structures increases too. Thus, if the image has a complex background (just as smear images do) or the WBC's are too close, the method gets confused so that finding the correct contour configuration from the gradient magnitude is not easy. Therefore, a drawback of Wang's method is related to its optimal iteration number (instability). Such number must be determined experimentally as it depends on the image context and its complexity. Figure 12 (a) shows the result of applying 400 cycles of the Wang's algorithm while Figure  12 (b) presents the detection of the same cell shapes after 1000 iterations using the proposed algorithm. From Fig. 12(a) , it can be seen that the contour produced by Wang´s algorithm degenerates as the iteration process continues, wrongly covering other shapes lying nearby.
In order to compare the accuracy of both methods, the estimated WBC area which has been approximated by both approaches, is compared to the actual WBC size considering different degrees of evolution i.e. the cycle number for each algorithm. The comparison considers only one WBC because it is the only detected shape in the Wang's method. Table 5 shows the averaged results over twenty repetitions for each experiment. In order to enhance the result analysis, Fig. 13 presents the response Error % vs. Iterations of an extended version of the outcomes exposed in Table 5 Please cite this article as: Cuevas, E., Díaz, M., Manzanares, M., Zaldivar, D., Perez-Cisneros, M. An improved computer vision method for white blood cells detection, Table 5 7. Conclusions.
In this paper, an algorithm for the automatic detection of blood cell images based on the DE algorithm has been presented. The approach considers the complete process as a multiple ellipse detection problem. The proposed method uses the encoding of five edge points as candidate ellipses in the edge map of the smear. An objective function allows to accurately measure the resemblance of a candidate ellipse with an actual WBC on the image. Guided by the values of such objective function, the set of encoded candidate ellipses are evolved using the DE algorithm so that they can fit into actual WBC on the image. The approach generates a sub-pixel detector which can effectively identify leukocytes in real images.
